Low probability events are overweighted in the pricing of out-of-the-money index puts and single stock calls. We find that this behavioral bias is strongly time-varying, linked to equity market sentiment, and higher moments of the risk-neutral density. An implied volatility (IV) sentiment measure that is jointly derived from index and single stock options explains investors' overweight of tail events the best. Our findings also suggest that IV-sentiment predicts equity markets reversals better than overweight of small probabilities itself. When employed in a trading strategy, IV-sentiment delivers economically significant results, which are more consistent than the ones produced by the market sentiment factor. The joint use of information from the single stock and index option markets seems to explain the forecasting power of IVsentiment. Out-of-sample tests on reversal prediction show that our IV-sentiment measure adds value over and above traditional factors in the equity risk premium literature, especially as an equity-buying signal. This reversals prediction seems to improve time-series and cross-sectional momentum strategies.
Introduction
End-users of out-of-sample (OTM) options overweight small probability events, i.e. tail events. This bias, suggested by Tversky and Kahneman's (1992) Cumulative Prospect Theory (CPT), is claimed to be present in the pricing of OTM index puts and in OTM single stock calls (see Polkovnichenko and Zhao, 2013; Barberis and Huang, 2008) 1 . Within the index option market, the typical end-users of OTM puts are institutional investors, who use them to protect their large equity portfolios. Because institutional investors have large portfolios and hold a substantial part of the total market capitalization, OTM index puts are frequently in high demand and, as a result, overvalued. The reason for such richness of OTM puts goes back to the 1987 financial market crash. Bates (1991) and Jackwerth and Rubinstein (1996) argue that the implied distribution of equity market expected returns from index options changed considerably since the 1987 market crash. Their findings demonstrate that, since the crash, a large shift in market participants' demand for such instruments took place, evidenced by the probabilities implied by options prices. Before the crash, the probability of large negative stock returns was close to the one suggested by the normal distribution. In contrast, just prior to the 1987 crash, the probability of large negative returns implied by option prices rose considerably. Such increased demand for hedging against tail risk events suggested then a change in beliefs and attitude towards risk. Investors feared another crash and became more willing to give up upside in equities to hedge against the risk of drawdowns via put options. Bates (2003) suggest that even models adjusted for stochastic volatility, stochastic interest rates, and random jumps do not fully explain the high level of OTM puts' implied volatilities (IV). Accordingly, Garleanu et al. (2009) argue that excessive IV from OTM puts cannot either be explained by option-pricing models that take such institutional investors' demand pressure into account. The literature also claims that OTM calls on single stocks are systematically expensive (see Boyer and Vorkink, 2014; Barberis and Huang, 2008) . The typical end-users of OTM single stock calls are individual investors. Bollen and Whaley (2004) state that changes in the IV structure of single stock options across moneyness are driven by the net purchase of calls by individual investors. The literature provides several explanations for such strong buying pressure of calls by retail investors. For example, Mitton and Vorkink (2007) and Barberis and Huang (2008) propose models in which investors have a clear preference for positive return skewness, or "lottery ticket" type of assets. In consequence of this preference, retail investors overpay for these leveraged securities, making OTM calls expensive and causing them to yield low forward returns. Cornell (2009) presents a behavioral explanation for the overpricing of single stock calls: because investors are overconfident in their stock-picking skills, they buy calls to get the most "bang for the buck". A connected explanation for the structural overpricing of single stock calls is leverage aversion or leverage constraint: because investors are averse to borrowing (levering) or constrained to do so, they buy instruments with implicit leverage to achieve their return targets.
Beyond this literature that supports the link between institutional and individual investor trading activity and the structural overvaluation of OTM options, we argue that short-term trading dynamics also INFLuence the pricing of OTM options. For instance, Han (2008) provides evidence that the index options IV smirk is steeper when professional investors are bearish. He concludes that the steepness of the IV structure across moneyness relates to investors' sentiment. In the same line, Amin et al. (2004) argue that investors bid up the prices of put options after increases in stock market volatility and rising risk aversion, whereas such buying pressure wanes following positive momentum in equity markets. Mahani and Poteshman (2008) argue that trading in single stock call options around earnings announcements are speculative in nature and dominated by unsophisticated retail investors. Lakonishok et al. (2007) show evidence that long call prices increased substantially during bubble times (1990 and 2000) and that most of the single stock options' market activity consists of speculative directional call positions. Lemmon and Ni (2011) discuss that the demand for single stock options (dominated by speculative individual investors' trades) positively relates to sentiment. Lastly, Polkovnichenko and Zhao (2013) suggest that time-variation in overweight of small probabilities derived from index put options might depend on sentiment, whereas Felix et al. (2016) provides evidence that the time-varying overweight of small probabilities from single stock options largely links to sentiment.
The above studies suggest that OTM index puts and single stock calls are systematically overpriced and that the valuation misalignments fluctuate considerably over time, caused by changes in investor sentiment. In this paper, we delve deeper in this suggestion and we investigate how overweight of small probabilities links to sentiment and forward returns.
The first contribution of this paper is to evaluate the information content of overweighted small probabilities from index puts and single stock calls, as a measure of sentiment. We assess the ability of this measure to predict forward equity returns and, more specifically, equity market reversals, defined as abrupt changes in the market direction 2 . Because we find overweight small probabilities to be strongly linked to IV skews, we hypothesize that reversals may follow not only periods of excessive overweight of tails but also periods of extreme IV skews 3 .
2 Reversals in the context of this paper are not to be confused with the, so-called, reversal (cross-sectional) strategy, i.e., a strategy that buys (sells) stocks with low (high) total returns over the past month, as first documented by Lehmann (1990) . We focus on the overall equity market, rather than investigating single stocks. 3 The literature on IV skew has largely explored the level of volatility skew across stocks and their crosssection of returns. However, insights on the link between the skew and the overall stock market are still incipient. The study by Doran et al. (2007) is one of the few that has tested the power of implied volatility skews as a predictor of aggregate market returns. However, they only analyze the relation between skews and one-day ahead returns (found to be weakly negatively related), and ignore any longer and perhaps more persistent effects. Similarly, several studies have already attempted to recognize the conditionality of forward equity market returns to other volatility-type of measures: Ang and Liu (2007) for realized variance; in Bliss and Panigirtzoglou (2004) for risk-aversion implied by risk-neutral probability distribution function embedded in cross-sections of options; Bollerslev et al. (2009) for variance risk premium; Pollet and Wilson (2008) for One characteristic of the literature that analyzes the informational content of IV skews is that it evaluates index puts' IV skews and single stock calls' IV skews completely separated from each other. Our second contribution is that we are the first in the literature to use IV skews jointly extracted from both the index and single stock option market as an indicator for investors' sentiment. More specifically, our sentiment measure, so-called IV-sentiment, is calculated as the IV of OTM index puts minus the IV of OTM single stock calls. We conjecture that our IV-sentiment measure is an advance on understanding investors' sentiment because it captures the very distinct nature of these markets' two main categories of end-users: 1) IV from OTM puts captures institutional investors' willingness to pay for leverage to hedge their downside risk (portfolio insurance), as a measure of bearishness, whereas 2) IV from OTM single stock calls captures levering by individual investors for speculation on the upside ("lottery tickets" buying), as a measure of bullishness. Thus, a high level of IV-sentiment indicates bearish sentiment, as IV from index puts outpace the ones from single stock calls. In contrast, low levels of IV-sentiment indicate bullishness sentiment, as IV from single stock calls become high relative to the ones from index puts.
Further, we find that our IV-sentiment measure predicts equity market reversals better than overweight of small probabilities itself and that it delivers positive risk-adjusted returns more consistently than the Baker and Wurgler (2007) sentiment factor when evaluated via two trading strategies, a high-frequency and a low-frequency one. In univariate and multivariate predictive regression settings, our IV-sentiment measure improves the out-of-sample forecast ability of traditional equity risk-premium models. This result is partially due to the low correlation between the payoff of our IV-sentiment measure and the payoffs of traditional factors. Thus, the third contribution of our paper is to complement the literature on out-of-sample forecasting of the equity risk-premium and equity-market timing (Welch and Goyal, 2008; Campbell and Thompson, 2008; Rapach et al., 2010) .
A final contribution of our work is to investigate the ability of our IV-sentiment measure to improve time-series momentum and cross-sectional momentum strategies. Our sentiment measure is uncorrelated to these strategies, especially at the tails, i.e., when momentum crashes. Consequently, we document an increase in the informational content of such momentum strategies when combined with the IV-sentiment strategy.
The remainder of this paper is organized as follows. Section 2 describes the data and enumerates the several analyses employed in our empirical study, presented in sections 3 and 4. Section 3 estimates time-varying parameters for overweight of small probabilities and connects them to sentiment. Section 4 relates overweight of small probabilities and sentiment to forward equity returns. Section 5 concludes. historical correlations; Driessen et al. (2013) for option-implied correlations; and Vilkov and Xiao (2013) for the risk-neutral tail loss measure. Most of these studies document a short-term negative relation between risk measures and equity market movements.
2 Methodology and data
Overweight of small probabilities is embedded in the CPT model by means of the weighting function of the probability of prospects. Within the CPT model, overweight of small probabilities is measured by δ and γ (the probability weighting function parameters) for the left (losses) and right (gains) side of the return distribution, respectively. δ and γ < 1 imply overweight of small probabilities, whereas δ and γ > 1 imply underweight of small probabilities, and δ and γ equal to 1 means neutral weighting of prospects (see Tversky and Kahneman, 1992) .
Our methodology builds on the assumption that investors' subjective density estimates should correspond, on average 4 , to the distribution of realizations (see Bliss and Panigirtzoglou, 2004) . Thus, estimating CPT probability weighting function parameters δ and γ is only feasible if two basic inputs are available: the CPT subjective density function and the distribution of realizations, i.e. the empirical density function (EDF). The methodology applied by us to estimate these two parameters comprises of: 1) estimating the returns' risk-neutral density from option prices using a modified Figlewski (2010) method; 2) estimating the partial CPT density function using the CPT marginal utility function; 3) "undoing" the effect of the probability weighting function to obtain the CPT subjective density function; 4) simulating time-varying empirical return distributions using the Rosenberg and Engle (2002) approach; and 5) minimizing the squared difference of the tail probabilities of the CPT and the EDF to obtain daily optimal δ's and γ's. Steps 1 to 4 are described in detail in appendix A.1. We use S&P500 index options' IV data and single stock weighted average IV data from the largest 100 stocks of the S&P500 index within our risk-neutral density (RND) estimations. The IV data comes from closing mid-option prices from January 2, 1998 to March 19, 2013 for fixed maturities for five moneyness levels, i.e., 80, 90, 100, 110, and 120, at the three-, six-and twelve-month maturity both for index and single stock options. Eq. A.12k in appendix A shows how weighted average single stock IV are computed. Weights applied are the S&P500 index weights normalized by the sum of weights of stocks for which IVs across all moneyness levels are available. Following the S&P500 index methodology and the unavailability of IV information for every stock in all days in our, stocks weights change on a daily basis. The sum of weights is, on average, 58 percent of the total S&P500 index capitalization and it fluctuates from 46 to 65 percent. Continuously compounded stock market returns are calculated throughout our analysis from the basket of stocks weighted with the same daily-varying loadings used for aggregating the IV data. IV data and stock weights are kindly provided by Barclays 5 . For index options, we use the S&P500 index prices to calculate continuously compounded stock market returns. 4 This assumption implies that investors are somewhat rational, which is not inconsistent with the CPTassumption that the representative agent is less than fully rational. The CPT suggests that investors are biased, not that decision makers are utterly irrational to the point that their subjective density forecast should not correspond, on average, to the realized return distribution. 5 We thank Barclays Capital for providing the implied volatility data. Barclays Capital disclosure: "Any analysis that utilizes any data of Barclays, including all opinions and/or hypotheses therein, is solely the opinion of the author and not of Barclays. Barclays has not sponsored, approved or otherwise been involved in the making or preparation of this Report, nor in any analysis or conclusions presented herein. Any use of any data of Barclays used herein is pursuant to a license."
Realized index returns and single stock returns are downloaded via Bloomberg.
More details on data and methodology used are provided in the following empirical analysis sub-sections, as we make use of it. We distinguish two sections in our empirical analysis, section 3 and 4. In section 3, within three sub-sections, we focus on estimating overweight of small probabilities parameters from the index and single stock option markets as well as linking it to the Baker and Wurgler (2007) sentiment factor and other proxies for sentiment. More specifically, in sub-section 3.1) we evaluate the time-variation of overweight of small probabilities, proxied by the Delta minus Gamma spread ; in 3.2) we analyze whether timevariation of overweight of small probabilities is linked to IV-sentiment and in 3.3) we evaluate whether overweight of small probabilities is linked to IV skews and higher moments of the risk-neutral density, focusing on the relation between IV skews. In section 4 we test how our sentiment proxy (IV-sentiment) based on overweight of small probabilities relates to forward equity returns. More specifically, in section 4.1) we compare how the Delta minus Gamma spread and IV skews are connected to forward equity (reversal) returns; in 4.2) we test our IV-sentiment measure in the context of a high-frequency pair-trading rule; in 4.3) we test our IV-sentiment measure using a low-frequency pair-trade to compare it with the Baker and Wurgler (2007) sentiment factor; in 4.4) we test our IV-sentiment indicator as an additional predictor for the equity-risk premia (ERP) in the context of the work of Welch and Goyal (2008) and, finally, in section 4.5) we attempt to disentangle the risk-sharing and behavioral nuances of the IV-sentiment-based strategies evaluated.
3 CPT's overweight of small probabilities and sentiment In this section, we evaluate the dynamics of the overweighting of small probabilities within the single stock options market and within the index option market. Descriptive statistics of the CPT's estimated δ and γ CPT parameters via the methodology presented in section 2 (and appendix A.1) are provided in Table 1 .
[Please insert Table 1 about here]
We report summary statistics of the estimated γ for three-, six-and twelve-month options in Panel A for the right tail from single stock options. The median and mean time-varying γ estimates for three-month options are 0.89 and 0.91, which considerably exceed the parameter value of 0.61 that is suggested by Tversky and Kahneman (1992) . This finding suggests that overweight of small probabilities is present within the pricing of short-term single stock call options, but to a much lesser extent than suggested by the theory. Panel A also suggests that γ is highly time-varying and strongly sample dependent. Overweight of small probabilities in the single stock option market is very pronounced from 1998 to 2003 (present at 97 percent of times), but infrequent from 2003 to 2008 (present at 35 percent of times). Our γ-estimates from three-month options range from 0 to 1.75 and the standard deviation of estimates is 0.23.
In Table 1 , Panel B, we report summary statistics of the estimated δ from index options for the left tail. For δ estimated from three-month options, the median and mean estimates are both 0.68, implying a pronounced overweight of small probabilities which is even more prominent than the CPT, which calibrates δ at 0.69. The δ-estimates are also time-varying, however, their standard deviation (0.08) is more than three times lower than for γ-estimates. The range of δ-estimates is also much narrower than for γ, as it is between 0.29 and 1.01. In contrast to γ-estimates, our δ-estimates reflect a consistent overweight of small probabilities across all sub-samples.
At the six-month maturity, overweight of small probabilities for γ seems even less acute than suggested by the theory and by the three-month options findings. The median and mean γ estimates for this maturity are, respectively, 0.99 and 0.96. The distribution of γ is somewhat skewed to the right (towards a less pronounced overweight of small probabilities), as the median is higher than the mean. The 75 th quantile of γ (1.14) suggests an underweighting of probabilities already. For index options with six-month maturity, the estimated δ suggests an even more pronounced overweight of small probabilities (the mean and median δ equal to 0.60) than for three-month options. Again, overweight of small probabilities is documented across all samples for δ but not for γ, in which overweight of small probabilities is more frequent than underweight of small probabilities only in the 1998-2003 sample. The γ estimates for the twelve-month maturity tend even more towards probability underweighting than the six-month ones. The median γ is 1.03, whereas the mean γ is 1.01. Overweight of small probabilities appears only 41 percent of times in the overall sample and is roughly nonexistent in the 2003-2008 sample. Differently, the mean and median for δ estimates from index options are, respectively, 0.47 and 0.40, indicating an even stronger overweight of small probabilities than for single stock options and other maturities. We argue that such a pattern could be caused by institutional investors buying long-term protection, as twelve-month OTM index options are less liquid than short-term ones.
Our findings suggest that OTM index puts seems structurally expensive from the perspective of overweight of small probabilities, despite the fact that the degree of overvaluation varies in time. Concurrently, OTM single stock options are only occasionally expensive. Our γ estimates indicate an infrequent occurrence of overweight of small probabilities in single stock options, clustered within specific parts of our sample, e.g. the 1998-2003 period. Our results fit nicely in the literature by Dierkes (2009), Kliger and Levy (2009), Polkovnichenko and Zhao (2013) regarding the index option market, and Felix et al. (2016) , regarding the single stock option market.
Delta minus gamma spread and sentiment
To evaluate how time-variation in overweight of small probabilities relates to sentiment, we run regressions between our proxies for overweight of tails (the explained variable), Baker and Wurgler (2007) sentiment measure and other explanatory control variables. Since we aim to combine overweight of small probabilities parameters from both index options (bearish senti-ment) and single stock options (bullish sentiment), we use the Delta minus Gamma spread (i.e. δ -γ) as the explained variable. The Delta minus Gamma spread captures the overweighting of small probabilities from both index options and single stock because δ is the CPT tail overweight parameter estimated from the single stock market, and γ is the equivalent parameter estimated from the index option market. The explanatory variables in these regressions are the Baker and Wurgler (2007) 
where τ is the option horizon; DGspread is the Delta minus Gamma spread ; SEN T is the Baker and Wurgler (2007) sentiment measure, IISEN T is the AAII individual investor sentiment measure; E12 is the 12-month moving sum of earnings on the S&P5000 index; B/M is the book-to-market ratio; N T IS is the net equity expansion; T BL is the risk-free rate; IN F L is the annual INFLation rate, CORP R is the corporate spread; SV AR is the stock variance and CSP is the cross-sectional premium. We also run in Eq. (2) univariate models for each explanatory factor separatly to understand their individual relation with the Delta minus Gamma spread as follows:
where x replaces the n explanatory variable earlier specified, given i = 1...n. Table 2 Panel A reports the results of Eq. (1). estimated across our three maturities for the Delta minus Gamma spread. A first noticeable result is the high explanatory power of the multivariate regression, ranging from 36 to 57 percent. As expected, SEN T is positively linked to the Delta minus Gamma spread and statistically significant across the three-and six-month maturities. This result suggests that high sentiment exacerbates overweight of small probabilities measured as the Delta minus Gamma spread. However, such relation is negative and not significant at the twelve-month maturity. The univariate regressions of SEN T confirm the positive link between sentiment and the Delta minus Gamma spread at shorter maturities. But, once again, this relation is not present at the twelve-month horizon. The explanatory power of SEN T in the univariate setting is also high for the three-and six-month horizons, with 17 and 32 percent, respectively. The twelve-month univariate regression has, however, a R 2 of zero. These findings strengthen our hypothesis that overweight of small probabilities increases at higher levels of sentiment and that sentiment seems to have a strong link to probability weighting by investors as priced by index puts and single stock call options. This conclusion, however, applies to the three-and six-month horizons only.
[Please insert Table 2 about here] IISEN T is also positively connected to the Delta minus Gamma spread in the multivariate regression at the three-and six-month horizons but negatively at the twelve-month horizon. These results are confirmed by the univariate regressions, as IISent is positively linked to Delta minus Gamma spread at the three-and six-month horizons. Explanatory power of these regressions is relatively high, at 6 percent, for both the three-and six-month maturities. For the twelve-month maturity in the univariate regression, IISEN T is, again, negatively linked to the Delta minus Gamma spread and statistically significant.
Moving to the analysis of the other control variables in our regression, we observe that the results are less stable than for the sentiment proxies so far evaluated. Table 2 indicates that some signs of control variables change in both the multivariate and univariate regressions. T BL is the only control variable that remains statistically significant and keeps its sign across the multivariate and univariate models. The explanatory power of T BL is 21 percent in the univariate setting, whereas the other independent variable with high explanatory power is bookto-market with 27 percent. B/M is, however, only statistically significant in the three-month maturity of the multivariate regressions. N T IS is negatively and significantly linked to the Delta minus Gamma spread in the univariate setting as well as in the multivariate regression in the twelve-month maturity. SV AR is negatively and significantly linked to Delta minus Gamma spread in the univariate regression but in the multivariate regression this result is not observed. Overall, these results suggest that fundamentals have a relatively unstable link to the Delta minus Gamma spread.
The stability of the relation between the sentiment factors and the Delta minus Gamma spread within the multivariate regressions evidences that sentiment and overweight of small probabilities are strongly connected.
3.3 Delta minus Gamma spread, IV skews and higher moments of the RND In a next step, we assess the relationship between the Delta minus Gamma spread and higher moments (skewness and kurtosis) of the risk-neutral density implied by options and IV skew measures. We undertake this analysis for two reasons: 1) to understand to which extent the Delta minus Gamma spread is connected to other metrics seemingly derived from IV; and 2) to approximate the Delta minus Gamma spread by an easier-to-obtain measure, given the comprehensive estimation procedures required to compute γ and δ.
We expect the existence of a positive link between the estimated Delta minus Gamma spread and and IV skew measures, because the presence of fat tails in the RND is a precondition for overweight of tail probabilities and a corollary of OTM IVs to be rich versus at-the-money (ATM) IVs. Similarly, we observe negative skewness and fat-tails in RNDs only if OTM options are expensive versus ATM options and vice-versa 9 . Consequently, γ and δ are likely to be smaller than one (overweight of small probabilities) and the Delta minus Gamma spread differs from zero if OTM options are expensive versus ATM options, which supports the use of IV skew as another proxy for overweight of tails. The IV skew measures used at first are the standard measures: 1) IV 90 percent (moneyness) minus ATM and 2) IV 80 percent minus ATM from index options (which captures bearish sentiment) and 3) IV 110 percent minus ATM and 4) IV 120 percent minus ATM from single stock call (which captures bullish sentiment). However, as overweight of small probabilities is observed from the tails of the two markets jointly, via the Delta minus Gamma spread, and standard IV skew measures only capture information from one market at the time, we suggest a new IV-based measure. Our proposed IV skew sentiment metric, so-called IV-sentiment, is a combined measure of the index and single stock options markets. IV-sentiment measure is specified as follows:
where, the subscript τ = 1...3 indexes the different option-maturities used; p specifies the moneyness levels 80 and 90 percent from index put options, and c specifies the moneyness levels 110 and 120 percent from single stock call options. Thus, our sentiment measure is calculated as permutations of IVs from the three-, six-and twelve-month maturities, and four points in the moneyness (80, 90, 110 and 120 percent) level grid, where the absolute distance from the two moneyness levels used per sentiment measure and the ATM level (100 percent moneyness) is kept constant. In other words, the IV-sentiment metric produced are restricted to the 80 minus 120 percent and the 90 minus 110 percent measures, hereafter called the IV-sentiment 90-110 and IV-sentiment 80-120 measures. From the granular data set across moneyness levels and maturities, we create six distinct skew-based measures of IV-sentiment. Using such a construction, our IV-sentiment measure jointly incorporates bearishness sentiment from institutional investors and bullishness sentiment from retails investors, similarly to the Delta minus Gamma spread. We, then, assess the isolated relationship between the Delta minus Gamma spread and higher moments of the RND, (standard) IV skews and our IV-sentiment measures using the univariate models presented by Eqs. (4) to (7). These models are estimated using OLS, where Newey-West standard errors are used for statistical inference.
where K S is the moneyness level of the option; τ is the option horizon; DGspread is the Delta minus Gamma spread ; IV Sent is our IV-sentiment measure, SKEW is the RND return skewness implied by options; KU RT is the RND return kurtosis implied by options; and IV SKEW is the single market IV skew measure, for both index option and single stock option markets. We note that the superscript m for variables KU RT and SKEW aims to distinguish RND kurtosis and skewness obtained from either RND implied by index options (m = io) or single stock options (m = sso).
We also estimate multivariate models of the Delta minus Gamma spread regressed on RND skewness, kurtosis, IV skews and IV-sentiment to better understand the relation between these measures jointly and overweight of small probabilities. This model is presented by Eq. (8), as shown below: (4) to (7), when the DGspread is regressed on RND moments, IV skews and IV-sentiment 90-110 in a univariate setting. The empirical findings suggest that IV-sentiment is the variable that explains DGspread the most across all maturities. The explanatory power of IV-sentiment is not only the highest but it is also the most consistent factor, as its R 2 ranges from 30 to 46 percent. IV-sentiment is negatively connected to DGspread, as expected. Such a negative sign of the IV-sentiment regressor was expected because the DGspread rises with higher bullish sentiment, whereas higher IV-sentiment suggests a more pronounced bearish sentiment. Risk-neutral skewness and kurtosis also strongly explains DGspread (by roughly 30 percent), however, only within the three-month maturity. Skewness and kurtosis explain DGspread by roughly 10 percent for six-month options, and 7 percent for twelve-month ones. Signs in these regressions are in line with our expectations because high levels of RND skewness are associated with high DGspread (a bullish sentiment signal) and low levels of RND kurtosis (less pronounced fat-tails) are associated with high DGspread 10 . In contrast, standard IV skews explain very little of DGspread within the three-month maturity, between 0 and 4 percent. At longer maturities, IV skews are able to better explain DGspread, however, mostly when the skew measure comes from the single stock options market (between 17 and 21 percent). As a robustness check, we note that the regression results are virtually unchanged by the usage of either IV-sentiment 90-110 or 80-120 measures. Our first impression from these results is that IV-sentiment is strongly connected to DGspread and to overweight of small probabilities. When we evaluate the multivariate regressions at Panel B, we find that IV-sentiment is the most stable regressor with respect to coefficient signs, being negatively linked to the DGspread across all regression, and always statistically significant. These regressions have high explanatory power (ranging from 41 to 61 percent), especially when considering that the data frequency is daily, thus, potentially containing more noise than lower frequency data. In the multivariate regression we use the IV-sentiment 90-110, however, we note that (unreported) results using IV-sentiment 80-120 are qualitatively the same. Due to likely multicollinearity in this multivariate model, we believe that our univariate models are more insightful than the former.
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These results strongly suggest that the DGspread co-moves with our IV-sentiment measure within the three-, six-and twelve-month maturities. Hence, we feel comfortable to use IVsentiment to approximate the overweighting of small probabilities, similarly to the DGspread.
4 Predicting with overweight of small probabilities 4.1 Overweight of small probabilities, IV sentiment and forward returns Section 3.1 documents that the overweighting of small probabilities is strongly time-varying. Our hypothesis is that overweight of small probabilities is linked to equity markets reversals. In this subsection we employ regression analysis to test if overweight of small probabilities (proxied by the Delta minus Gamma spread ) can predict equity market returns. Given the results of section 3.3, in which our IV-sentiment measure strongly links to the Delta minus Gamma spread, we also run such predictive regressions by using IV-sentiment as the explanatory variable.
To test the predictability of these two metrics, we regress values of the Delta minus Gamma spread and of our IV-sentiment measure on rolling forward returns with eight different investment horizons: 42, 84, 126, 252, 315, 525, 735 , and 945 days, as specified by the Eqs. (9) and (10):
where p is the equity market price level; h is the forward return horizon; τ is the option maturity; is the unconditional expected mean of forward returns; and β is the sensitivity of forward returns to the DGspread and to IV-sentiment. We estimate Eqs. (9) and (10) via OLS with Newey-West adjustment to the standard deviation of regressors' coefficients due to the presence of serial correlation in forwards returns. Table 4 presents the empirical findings of forward returns regressed on the Delta minus Gamma spread. The explanatory power of these regressions tends to have single-digit values, and it rarely exceeds ten percent. For the three-month horizon, the explanatory power of such predictive regressions rises steadily up to the two-year horizon (to nine percent), and drops then to four percent for forward returns at the 945-days horizon. We note that the Delta minus Gamma spread tends to have low explanatory power and not significant for short-horizons (42-to 126-days) and higher maturities (twelve-month options). The coefficients of the Delta minus Gamma spread are always negative for the three-and six-month maturities. This result was expected as it implies that a high (low) Delta minus Gamma spread, i.e., a bullish (bearish) sentiment predicts negative (positive) forward returns, i.e., reversals. For the twelve-month maturity, the coefficient signs are unstable, being negative (and statistically significant) for the 252-days horizon, while sometimes positive and insignificant for shorter horizons.
[Please insert Table 4 about here]
Panel B reports the regression results of Eq. (10), i.e., the outcomes of forward returns regressed on our IV-sentiment 90-110 measure for three-, six-and twelve-month maturities 11 . The pattern of R 2 across the different horizons tested is similar across the three option-maturities and analogous to the one observed for the Delta minus Gamma spread for the same threemonth horizon: R 2 rises from four percent to 28 percent when the horizon increases from 42 days (two months) to 525 days (two years), while after the two years horizon, explanatory power falls slightly for the 735 days (roughly three years) and collapses for the 925 days (3.7 years) horizon. We observe that the explanatory power for the six-and twelve-month option maturity is just slightly lower than for the three-month maturity. Statistical significance of the estimators is often high, across option maturities and return horizons. The coefficients for the IV-sentiment 90-110 measure are always positive. This is, once again, as expected as it means that high (low) IV-sentiment, i.e., bearish (bullish) sentiment, predicts positive (negative) forward returns. The explanatory power, the sign-stability and statistical significance of the regressors using our IV-sentiment 90-110 measure clearly dominates the ones from regressions that use the Delta minus Gamma spread. These results strengthen our earlier findings that our IV-sentiment measure is a good representation of sentiment, especially concerning predicting equity market reversals.
IV sentiment (high frequency) pair trade strategy
Our previous results suggest that IV-sentiment is more strongly connected to forward returns than the Delta minus Gamma spread itself. We construct a trading strategy to further test the predictability power of IV-sentiment. The strategy consists of a high frequency (daily) trading rule that aims to predict equity reversals. Our hypothesis is that when the IV-sentiment measure is significantly higher (lower) than its normal level, overweight of small probabilities is then extreme and likely to mean-revert in the subsequent periods in tandem with the underlying market. The trading strategy, thus, buys (sells) equities when there is excessive bearishness/panic (excessive bullishness/complacency) indicated by the high (low) level of IV-sentiment. The strategy is tested via a pair-trading rule among long and short positions in the S&P500 index and a USD cash return index. For simplicity, such strategy is implemented as a purely directional strategy where positions are constant in size and IV-sentiment is normalized via a Zscore. Thus, the trading rule enters a five percent long equities position when the IV-sentiment is higher than a pre-specified threshold, for example, its historical two standard deviation. It closes such position, by entering into a full cash position, when such normalized IV-sentiment measure converges back to its average. Conversely, the rule enters a short equities position when the IV-sentiment is lower than its historical negative two standard deviation and buys back a full cash position when it converges to its average. Five basis points trading cost is charged over the five percent position traded in equities. To avoid strategy overfitting, 1) we compute the Z-score using multiple look-back periods, and 2) we use multiple threshold levels to configure excessive sentiment 12 . We evaluate these contrarian strategies on a volatilityadjusted basis using standard performance analytics such as the information ratio, downside risk characteristics, and higher moments of returns. We compare these strategies to 1) other contrarian strategies that make use of IV volatilities, such as an IV skew-based strategy, a volatility risk premia (VRP) strategy, and an implied-correlation-based (IC) strategy; 2) the equity market Beta, i.e., the S&P500 index; and 3) alternative Beta strategies, such as writing put options, a 110-90 collar strategy, the G10 FX carry, equity cross-sectional momentum, and a time-series momentum strategy. We further evaluate such strategies by also estimating the paired correlation coefficient between them, as well as tail and (distribution) higher-moment dependency statistics such as conditional co-crash probabilities and co-skewness. Boxplots of information ratios obtained by IV-sentiment strategies and other IV-based strategies are provided in Figure 1 . We see that the IV-sentiment 90-110 strategy seems to perform better than the IV-sentiment 80-120 strategy, as the information ratio means and dispersion of the former strategy dominate the ones for the latter. The average information ratio for the IV-sentiment 90-110 strategy is positive for the three-and six-month optionmaturities but negative for the twelve-month. For the three-and six-month strategies, all onestandard deviation boxes for the information ratio lay in positive territory, suggesting that the IV-sentiment 90-110 strategy is robust to changes in look-back and outer-threshold parameters.
Further, the IV-sentiment 90-110 is superior to single-market IV skew-based strategies for the three-and six-month maturities, but no so for the twelve-month maturity. At the three-month maturity, the average information ratio and dispersion for the IV-sentiment 90-110 strategy are similar to the ones for the VRP strategy. However, for the six-and twelve-month maturities, the VRP strategies dominate the IV-sentiment 90-110 based on average information ratio, despite larger dispersion for the six-month maturity strategy.
[Please insert Figure 1 about here] Figure 1 shows that IC strategies seem to deliver relatively high and consistent information ratios, especially when calculated using the 80 and 90 percent moneyness levels. At the threeand six-month maturities, the performance of IC strategies match the performance of the IVsentiment 90-110 and VRP strategies. At the twelve-month horizon, the 80 and 90 percent IC strategies are superior to the IV-sentiment 90-110 measure. Overall, the boxplots in Figure  1 suggest that the IV-sentiment 90-110 strategy is robust to changes in parameters but also that its performance is matched by other IV-based strategies. Table 5 Panel A provides the performance analytics for the IV-sentiment 90-110 strategy, as well as for alternative strategies (IV-based or not).
[Please insert Table 5 about here]
The results suggest that the IV-sentiment 90-110 strategy (using three-month option maturity) delivers returns (19 bps) and risk-adjusted returns (0.27) that are superior to many of the other strategies compared, such as the S&P500, the IV skew, the VRP, the IC, the G10 FX carry, and the equity momentum. Thus, the only strategies that deliver equal or higher returns and risk-adjusted returns than our IV-sentiment 90-110 strategy are the time-series momentum, put writing, and a 90-110 collar. The return skewness for our IV-sentiment strategy is positive (0.10) and above the average of the other strategies. A strategy that has surprisingly high skewed returns is the IC (0.45). The drawdown characteristics such as the maximum drawdown, the average recovery time, and the maximum daily drawdown of our IV-sentiment strategy are very similar to the other IV-based strategies, except for the IC strategy, which is exposed to less downside risk.
In the following, we combine our IV-sentiment strategy with a simple buy and hold S&P500, cross-sectional equity momentum, and time-series momentum strategies, on a standalone basis. These combinations are done by weighting returns in a 50/50 percent proportion. Statistics for the strategies are presented in columns (11) and (13) of Panel A. We note that the combined strategies improve the information ratios of these three strategies. The information ratio for the S&P500 rises from 0.20 to 0.25, for the cross-sectional momentum strategy from 0.16 to 0.24, and for the time-series momentum from 0.77 to 0.82. The drawdown characteristics are also marginally improved. We conjecture that these improvements in the information ratio should occur, at least partially, due to the low correlation and low higher moments-/tail-dependencies of our IV-sentiment strategy with these alternative strategies.
When we evaluate the correlation between the different strategies, the results in Panel B indicate that our IV-sentiment strategy is, on average, positively related to other strategies.
The highest correlation observed for the IV-sentiment strategy is with the IC strategy (0.70), which is an intuitive result given that these are the only two strategies driven jointly by the index option market and the single stock option market. The correlations of our IV-sentiment strategy with other IV-based strategies are also relatively high: 0.17 with the VRP, and 0.40 with the IV skew 90 percent. The correlation of the IV-sentiment with the S&P500 index is 0.10, thus low. The correlation of our IV-sentiment contrarian strategy with other strategies that perform poorly in "bad times" is also low, at 0.04 with put writing, and 0.07 with G10 FX carry, and 0.13 with the 90-110 collar strategy. The correlations between our contrarian strategy and equity momentum and time-series momentum are negative, at -0.16 and -0.11, respectively. We also note that other strategies can be highly correlated to each other, e.g., between the S&P500 and the put-writing (0.89) one (as expected), whereas negative correlations are mostly observed for momentum strategies. Our findings on correlations among strategies are mostly reiterated by the estimated tail-dependence between them using co-skewness and conditional co-crash (CCC) probabilities (see appendix A.3) reported in Panel C.
As a robustness check, we analyze whether our IV-sentiment high-frequency trading strategy designed above performs well due to both its legs or if its merit is concentrated in either the long-or short-leg. We separate the performance of the two legs of the strategy as if they were two strategies and we compute individual performance statistics for them. To visualize results we produce information ratios' boxplots similar to the ones in Figure 1 separately for the three option maturities, which are shown in Figure 2 .
[Please insert Figure 2 about here]
The distribution of IRs for the long positions are shown in the plots at the upper part, while the distribution of IRs for shorts are shown at the bottom. We note that the dispersion of IRs from the short-leg is much higher than from the long-leg. Outliers are much more frequent in the short-leg. An additional impression is that the median IRs of long-legs are substantially higher than for short-legs. Finally, the IR distributions of short positions seem slightly skewed to the negative side, whereas for long positions they seem skewed to the positive side. These results indicate that the merit of the IV-sentiment strategy is concentrated in its buy-signal rather than in its sell-signal. Figure 2 also suggests that other IV-based strategies also seem to have their long-legs performing much better than their short-legs. This finding suggests that extreme bearish sentiment signals may be more reliable than extreme bullish sentiment signals. One explanation for this finding is the fact that the IV may be more reactive on the downside, due to the "leverage effect". In contrast, on the upside, a higher IV led by the bidding of call options might be offset by overall lower IV. Our results are partially in line with the literature on crosssectional returns and skew measures. Barberis and Huang (2008) suggest that stocks that have a high skew tend to have high subsequent returns, whereas for a call with a high skew this relation is inverse. However, other studies, such as Cremers and Weinbaum (2010) , suggest that the relation between returns and volatility skews has the opposite direction. Assuming that there are systematic reasons for OTM implied volatilities across stocks to move in tandem, e.g., market risk, as suggested by Dennis and Mayhew (2002) and Duan and Wei (2009) , then the logical consequence from the cross-sectional relation between implied skew and returns would be that the overall equity market should reverse following times of extremely high skews.
Our results, thus, offer additional findings to the literature that explores the link between variance-measures and forward returns (see, for instance, Ang and Liu, 2007; Bliss and Panigirtzoglou, 2004; Pollet and Wilson, 2008; Doran et al., 2007) . Most of these studies recognize a negative and short-term relation between risk measures and returns, where a high variance links to subsequent negative to low returns. In contrast, our findings suggest that a high level of IV skew relates to subsequent positive and high returns. Our finding is mostly in line with Bollerslev et al. (2009) , who document that equity market reversals are predicted by the variance risk-premium.
Further, we aimed to compare the trading performance of the Baker and Wurgler (2007) sentiment measure to our high-frequency strategy but this was not possible as the former factor is only available on a monthly or quarterly frequency and was only published until 2010. Thus, in a next step, we compare how trading strategies using our suggested IV-sentiment measure compare with one that uses the sentiment factor of Baker and Wurgler (2007) . We do this by implementing a low-frequency pair trade strategy using both predictors. This pair-trade strategy is identical to the one applied above with the only difference being the rebalancing frequency and the number of observations in the look-back window. We use the following lookbacks for the calculation of Z-scores: 1, 3, 6, 9, 12, 18, and 24 months. The IV-sentiment measures used are the IV-sentiment 80-120 and 90-110 factors, available in our three different option maturities. Other back-test features (e.g., trading costs, strategy exit) are the same as for the high-frequency pair-trade strategy. Figure 3 provides our results by a series of boxplots. The empirical findings are displayed in columns for the different option maturities and in rows for the different statistics evaluated: 1) information ration (IR); 2) return skewness and 3) horizon, proxied by the average drawdown length (in months) observed per strategy.
[Please insert Figure 3 about here]
Our findings suggest that the IRs of the IV-sentiment strategies are much less dispersed than the ones for the sentiment factor by Baker and Wurgler (2007) . The median IR for the IV-sentiment 90-110 factor is also higher than for the other two strategies. The IV-sentiment 90-110 factor is the only strategy in which almost all backtests deliver positive IRs, with the exception of few outliers. This is not the case for the other strategies, as a substantial amount of backtests deliver negative IRs. In line with our earlier results, the IV-sentiment 90-110 factor seems to dominate the IV-sentiment 80-120 factor. The return skewness for the IVsentiment 90-110 strategy also dominates the ones for the other two strategies, as all boxplot features (median, one standard deviation, high and low percentile, and outliers) are superior to the ones for the two other strategies. Finally, the IV-sentiment 90-110 factor delivers the lowest median horizon of all strategies. The average horizons estimated for the IV-sentiment 90-110 factor are 12, 13, and 19 months, respectively, for the strategies based on the three-, six-and twelve-month options. The dispersion of strategies' horizon is, however, higher for the IV-sentiment 90-110 factor than for the Baker and Wurgler (2007) sentiment factor. We can conclude that our IV-sentiment measure seems to outperform a trading strategy based on the sentiment factor by Baker and Wurgler (2007) on several aspects: IR, return skewness, and trade horizon.
Out-of-sample equity returns predictive tests
Following our hypothesis that extreme bearishness and bullishness sentiment might be followed by reversals in equity markets, in this subsection we test whether our IV-sentiment measure has out-of-sample predictive power in forecasting the equity risk premium (ERP), in line with the analysis introduced by Welch and Goyal (2008) . We follow the methodology used by Campbell and Thompson (2008) and Rapach et al. (2010) , who build on Welch and Goyal (2008) . Hence, similarly to these three studies, our predictive OLS regressions are formulated as:
where r t+1 is the monthly excess return of the S&P500 index over the risk-free interest rate (Treasury bill rate -T BL), x t is an explanatory variable hypothesized to have predictive power; and t+1 is the error term. Our predictive regressions use the monthly data set provided by Welch and Goyal ( In order to test the predictive power of IV-sentiment, we add our IV-sentiment 90-110 measure (IV Sent) to the list above. From the predictive regressions in Eq. (11), we generate out-of-sample forecasts for the next quarter (t + 1) by using an expanding window. Following (Rapach et al. (2010) ), the first parameters are estimated using data from 1947:1 until 1964:12, and forecasts are produced from 1965:1 until 2014:12. The estimating window for B/M starts slightly later than 1947:1, while the number of observations available allows forecasting B/M to start also at 1965:1. For the IV skewbased regression, the data used for the first parameter estimation starts at 1998:1 and ends at 1999:12. Out-of-sample forecasting is performed from 2000:1 to 2014:12 only.
Following Campbell and Thompson (2008) and Rapach et al. (2010) , restrictions on the regression model specified by Eq. (11) are applied. The first restriction entails a sign restriction on the slope coefficients of Eq. (11) for all 14 baseline variables. The second restriction comprises setting negative forecasts of the ERP to zero. An additional model containing both coefficient and forecast sign restrictions is produced. The original Eq. (11) with no restrictions applied is called the unrestricted model, whereas the model with the two types of restriction is called the restricted model. Once individual forecasts for rt+1 are obtained using the restricted and unrestricted models for every variable, weighted measures of central tendency (mean and median) of the N forecasts are generated by Eq. (12):
where
are the combining weights available at time t. Our forecast combination method is a simpler and more agnostic approach than the one used by Rapach et al. (2010) 15 . The mean and median combination methods are simply the equal weighed (ω i,t = 1/N ) average and median of the forecasts. Our benchmark forecasting model is the historical average model with the use of an expanding window.
We use the out-of-sample R 2 statistic method (R 2 OS ) introduced by Campbell and Thompson (2008) and followed by Rapach et al. (2010) for forecast evaluation. This method compares the performance of a return forecastr t+1 and a benchmark or naïve return forecastr t+1 with the actual realized return (r t+1 ). We note that this method can be applied either to the single factor-based forecast models as well as to the combined or multifactor forecast models, both described in the previous section. The R 2 OS statistic is given as:
Thus, the R 2 OS statistic evaluates the return forecasts from a predictive model (in the numerator) and the return forecasts from a benchmark or naïve model (in the denominator) by comparing the mean squared prediction errors (MSPE) for both methods. Because 1 is subtracted by the ratio of MSPEs in the R 2 OS statistic, its interpretation becomes: if R 2 OS > 0, then MSPE ofr t+1 is smaller than forr t+1 ), indicating that the forecasting model outperforms the naïve (benchmark) model, and vice-versa.
The results from our out-of-sample equity returns predictive tests are reported in Table 6 . Panel A reports the findings for the out-of-sample forecasting period between 1965:1 and 2014:12 for all individual variables except the IV-sentiment factor (IV Sent), for which forecasts are only available from 2004:1-2014:12, and for the combined forecasts. For individual models, R
OS
15 Rapach et al. (2010) classify their combination methods in two classes: the first class uses a mean, median, and trimmed mean approach for forecast combination, and the second class uses a discounted mean square prediction error (DMSPE) methodology. The DMSPE method aims to set combining weights as a function of the historical forecasting performance of the individual models over the out-of-sample period. This method weights more recent forecasts heavier than older ones by the use of one additional parameter. Despite the desirable features of such a second class combination method, we stick to the first class methods only because they are more transparent and do not require the choice of an additional parameter.
comes from the restricted model, whereas for the aggregated models, the results are reported for both the restricted and the unrestricted models. The results of the aggregate models are reported in means and medians, reflecting the aggregation method used.
[Please insert Table 6 about here]
Panel A suggests that performance is not consistent across factors within the longer history of our out-of-sample test. Some factors outperform others by a large amount. Concurrently, the performance of most single factors is quite inconsistent through time, as Figure 4 depicts: the slope and levels of R 2 OS constantly changes from negative to positive and vice-versa for almost all factors. For some of them, R 2 OS even flips signal at times within the sample. In contrast, the aggregated models deliver better performance across constrained and unconstrained models using either averages or medians for aggregation method. Moreover, the performance of the weakest aggregate model (0.60) is superior to the best individual factor (IN F L at 0.56) within the full sample.
[Please insert Figure 4 about here]
Once we evaluate the 2004:1-2014:12 period, when IV Sent is used, we observe that the performance across factors remains inconsistent. The performance across individual factors looks less disperse in this sample than in the full sample, but overall worse. The IV Sent factor performs well (0.56), despite being strongly outperformed by the SV AR factor, while other factors perform extremely poor (N T IS at 0.61, IN F L at 0.56). The combined models that do not include IV Sent in their median versions (constrained and unconstrained) underperform the naïve forecasting benchmark as their R 2 OS is negative in the period. Interestingly, when the IV Sent factor is added to these models, the performance improves substantially, outperforming the benchmark. We observe the same for models based on the mean: The mean-unconstrained and the mean-constrained models ex-IV Sent show a R 2 OS of 0.06 and 0.09, respectively, within the period analyzed. When the IV Sent factor is added to them, R 2 OS improves to 0.15 and 0.17, respectively. Therefore, it appears that the IV Sent factor seems to impact the combined model in a very distinct way when compared to other factors.
Further, we find that IV Sent is quite uncorrelated to other factors. The correlation coefficient of the IV Sent factor that uses three-month options with other individual factors is most of the times negative or close to zero, and only exceeds 0.5 when evaluated against LT Y 16 .
Such correlation is higher for the IV Sent factor computed using six-and twelve-month option maturities. These results suggest that the improvements made by the IV Sent factor to the combined models stem partially from diversification benefits rather than from forecast performance (R Figure 4 indicates. These findings reiterate the primary conclusion of Welch and Goyal (2008) , Campbell and Thompson (2008) and Rapach et al. (2010) : individual predictors that reliably outperform the historical average in forecasting the equity risk premium are rare but, once these models are sensibly restricted and aggregated in a multi-factor model, their outof-sample predicting power improves considerably. This conclusion applies also to the inclusion of the IV Sent factor within the multi-factor model. Plot B of Figure 5 depicts the R 2 OS curves for the models that do not include IV Sent, and for the models that include it. The R 2 OS curves for the model that includes the IV Sent factor are visibly steeper than the ones that do not include it. Further, the findings in Figure 5 indicate that constrained models seem to be superior to unconstrained models by having either higher or less volatile R These curves' profile suggest that the IV Sent factor has considerably improved the outof-sample performance of the combined model especially in times when the other factors broke down or did not provide an edge versus the historical average predictor. Thus, the inclusion of the IV Sent factor seems to revive the conclusion reached by the previous literature, where combined factor models are able to improve compared to individual factor models. At the same time, the recent poor performance of the combined models ex-IV Sent underscores that factor identification is still a major challenge for the specification of combined models. Overall, our empirical findings suggest that IV-based factors provide a relevant explanatory variable for the time-variation of equity returns.
Behavioral versus risk-sharing phenomena
Another perspective of equity market dynamics provided by IV-based factors that are jointly extracted from single stock and index options, is the implied correlation (ρ). It is approximated by Eq. (14), which is derived in Appendix A.2:
21 where σ 2 I is the variance of index options; σ i is the volatility of i = 1...n stocks in the index; and w i is the stocks' weight in the index. The implied correlation measures the level of the average correlation between stocks that are constituents of an index. The IV of index options, i.e., (σ 2 I ), can be matched by the one of single stock options, weighted by its constituents' loadings in the index, i.e., (
2 . Thus, if IV can be used as a measure of absolute expensiveness of an option, the implied correlation provides a relative valuation measure between the index and single stock options. A high (low) level of implied correlation means that index options are expensive (cheap) relative to single stock options. Table 7 Panel A presents descriptive statistics of the implied correlations between the index and single stock options' IV. The means and medians suggest that the implied correlation monotonically decreases with an increase in the moneyness level. The implied correlation means range from 0.65 to 0.30, a somewhat wide range given that these are averaged measures. Such a relative high dispersion of implied correlations is confirmed by their standard deviations, which are around 0.14. The distributions of the implied correlation are mostly negative skewed, as medians are most of the times higher than their means. The most striking result is given by the maximum and minimum implied correlations: the maximum implied correlation observed across all maturities and moneyness levels reported reaches 135 percent. Implied correlations above 100 percent are observed for many options, mostly for puts at the 80 and 90 percent moneyness levels. This finding implies that in order to match the weighted IV of puts on single stocks that are part of the S&P500 index to the IV of a put on the index (with same levels of moneyness), an average correlation above 100 percent between the single stock put options is required. However, as correlation coefficients are bounded between −100 and +100 percent, these levels of implied correlation are indicative of irrational behavior by investors, who bid up index puts to levels that contradict market completeness.
[Please insert Table 7 about here]
We also find that trading in the opposite direction of such evident irrational investor behavior has been very profitable, as implied correlations higher than 100 percent were very effective as an entry point for contrarian strategies. Across the maturities and moneyness levels where we can observe such biased behavior, a sentiment strategy that buys the equity market when the implied correlation is above 100 percent and sells it when the implied correlation falls back to 50 percent, yields an average net information ratio of 0.35, with information ratios ranging from 0.27 to 0.52.
The implied correlation means and medians provided by Panel A are far higher than the same measures from realized average pair-correlations between the 50 largest constituents of the S&P500 index as of February 14, 2014, as provided in Panel B. Such average pair-correlations range from 25 to 36 when look-back periods of 30, 60, 90, 180, and 720 days are evaluated, which is substantially lower than most average implied correlations posted for the different option maturity and moneyness levels reported in Panel A. In fact, the average realized correlations are often below the 10 th percentile of the implied correlation for some options' maturity and moneyness levels. The 90 th percentile of realized correlations often match the average implied 22 correlations reported. The maximum realized correlations are at most 84 percent, using an extremely short look-back of 30 days, thus much lower than the 135 percent observed for implied correlations. These empirical findings strongly suggest that implied correlations substantially overshoot realized ones. Similarly, the implied correlation reaches sometimes values as low as three percent for some options, especially on the call side (above ATM moneyness). This is also low when compared to put options. The minimum historical correlations from OTM puts is 0.18, whereas for call options it is 0.03. The fact that those extremely low values of the implied correlation from calls largely undershoot implied correlations from put options may also suggest less than fully rational pricing on the call side. It indicates that single stock options are expensive relative to index calls, which matches our postulation that individual investors use single stock calls to speculate on the upside. Despite the strong evidence of irrational behavioral by investors provided by the extreme levels of implied correlation, which indirectly links to the IV skew being at extreme levels at times, we conjecture that such phenomena may also have a risk-bearing explanation. Our first reason for this hypothesis is that reversal strategies such as the ones designed by us earn attractive long-term risk-adjusted returns, but are highly dependent to equity markets at the tail (see Table 5 Panel C). Additionally, IV-sentiment-based reversal strategies experience the largest daily drawdowns among all strategies evaluated (see Table 5 , Panel A). Thus, their attractive risk-adjusted returns are, partially, compensation for downside risk. Therefore, the risk borne by investors that bet on reversals in equity markets is the risk of poor timing of losses (see Campbell and Cochrane, 1999; Harvey and Siddique, 2000) and downside risk (see Ang et al., 2006) . In brief, betting on equity market reversals is a risky activity.
We note that this rational explanation for excesses in sentiment is also linked to limitsto-arbitrage. The limits-to-arbitrage literature defends that, as investors have finite access to capital (see Brunnermeier and Pedersen, 2009 ) and feedback trading can keep markets irrational for a long period of time (see De Long et al., 1990) , contrarian strategies aiming to fade the effect of irrational trading are not without risk. For example, once bearishness sentiment seems excessive, the risk of betting on a reversal may be tolerable only to a few investors, because 1) higher volatility drags investors risk budget usage closer to its limits, and 2) access to funding is limited. Thus, the ability to "catch a knife falling" in the equity markets is not suitable for all investors, as it involves high risk. Contrarian strategies are, then, mainly accessible to investors that have enough capital or funding liquidity. Similar considerations are career risk (Chan et al., 2002) , negative skewness of returns (Harvey and Siddique, 2000) , poor timing of losses (Campbell and Cochrane, 1999; Harvey and Siddique, 2000) , and risk aversion of market makers (Garleanu et al., 2009) . One final element in the characterization of reversals as a compensation for risk is the presence of correlation risk priced in index options (see Krishnam and Ritchken, 2008; Driessen et al., 2009 Driessen et al., , 2013 Jackwerth and Vilkov, 2015) , which is present in assets that perform well when market-wide correlations are higher than expected.
Conclusion
End-users of OTM options overweight small probability events, i.e., tail events. This bias is strongly time-varying and present in both OTM index puts and OTM single stock calls, due to individual and institutional investors trading activity, respectively. Individual investors typically buy OTM single stock calls (lottery tickets) to speculate on the upside of equities (indicating bullish sentiment), whereas institutional investors typically buy OTM index puts (portfolio insurance) to protect their large equity holdings (indicating bearish sentiment). Hence, overweight of small probabilities derived from equity option prices should capture investors' sentiment and, thus, potentially predict equity returns.
The parameters that directly capture overweight of small probabilities from option prices such as the Delta (δ) and Gamma (γ) CPT parameters or the Delta minus Gamma spread (as designed by us) are difficult to estimate. Due to the fact that the Delta minus Gamma spread is found to be strongly linked to risk-neutral moments and implied volatility (IV) skews, we circumvent such estimation challenges by proposing a simplified but still informative sentiment proxy: IV-sentiment. The uniqueness about IV-sentiment is that it is jointly calculated from the IV of OTM index puts and OTM single stock call options. It aims to capture both bullish and bearish sentiment, respectively, from individual investors and institutional investors' trading in options.
Our results confirm that the IV-sentiment carries substantial information. The first supporting evidence of this conclusion is that the IV-sentiment predicts mean-reversion better than the overweighting of small probabilities parameter Delta minus Gamma spread. We also test the predictive power of the IV-sentiment measure in the context of multi-factor predictive regressions and of two trading strategies, one high-frequency pair-trade and a low frequency strategy, which we compare to the Baker and Wurgler (2007) sentiment factor. In the high-frequency context, contrarian-trading strategies using our sentiment measure produce economically significant risk-adjusted returns. The joint use of information from the single stock and index option markets seems to be the reason for the superior forecast ability of our sentiment measure, because factors that use implied volatility skews from a single market achieve significantly inferior results. The performance of the IV sentiment measure seems also more consistent in delivering a positive information ratio than the Baker and Wurgler (2007) sentiment factor. Moreover, it is more more positively skewed, has a shorter horizon than the standard factor and allows for a daily strategy rebalancing. This is an interesting finding given the popularity of the Baker and Wurgler (2007) factor within the sentiment literature. Moreover, the IV sentiment factor seems to forecast returns as well as other well-known predictors of equity returns. Because our sentiment factor is uncorrelated to other predictors of the equity risk-premium, it significantly improves the quality of multi-factor predictive regressions, especially when such models are constrained, as in the terms of Campbell and Thompson (2008) .
The prediction of reversals seems further enhanced when the volatility skews priced by OTM index puts and ATM single stock calls are clearly irrational, e.g., when implied correlations are higher than 100 percent. Timing market reversals using IV-sentiment is, however, not without risk. Reversal strategies, as ours, are exposed to large drawdowns, which likely happen during 'bad times'. Nevertheless, we find that combining our sentiment strategy with other strategies, such as a long-only exposure to the S&P 500 index, time-series and cross-sectional equity momentum can strongly improve risk-adjusted returns. For momentum strategies, this finding is backed by the fact that our contrarian-sentiment strategy is negatively correlated to these strategies, with low dependence at the tails. These findings indicate a promising avenue for future research on (the prevention of) momentum crashes. Because sell-sentiment signals from IV-sentiment may be not as reliable as buy signals, further refinement of our findings is warranted, as well as the search for factors that capture bullish sentiment better.
A Appendix -Methodology A.1 Estimating the CPT probability weighting function parameters δ and γ Our starting point for obtaining δ and γ, i.e., the CPT probability weighting function parameters, is the estimation of the risk-neutral density (RND) from implied volatility (IV) data. To estimate the RND, we first apply the Black-Scholes model to our IV data to obtain options prices (C) for the S&P500 index. Once our data is normalized, so strikes are expressed in terms of percentage moneyness, the instantaneous price level of the S&P500 index (S 0 ) equals 100 for every period for which we would like to obtain implied returns. Contemporaneous dividend yields for the S&P500 index are used for the calculation of P as well as the risk-free rate from three-, six-, and twelve-month T-bills. Because we have IV data for five levels of moneyness, we implement a modified Figlewski (2010) method for extracting our RND structure. The main advantage of the Figlewski (2010) method over other techniques is that it extracts the body and tails of the distribution separately, allowing for fat tails.
Once the RND is estimated, we must change measure to translate it into the subjective density function, a real-world probability distribution. This operation is possible via the pricing kernel as follows:
where, f Q (S T ) is the RND, f P (S T ) is the real-world probability distribution, S T is wealth or consumption, ς(S T ) is the pricing kernel, Λ is the subjective discount factor (the time-preference constant) and U (·) is the representative investor utility function. Since CPT-biased investors price options as if the data-generating process has a cumulative distribution F P (S T ) = w(F P (S T )), its density function becomes f P (S T ) = w (F P (S T )) · f P (S T ) (see Dierkes, 2009; Polkovnichenko and Zhao, 2013) and Eq. A.1 collapses into Eq. A.2
which, re-arranged into Eq. (A.4) via Eq. (A.3a) and (A.3b), demonstrates that for the CPT to hold, the subjective density function should be consistent with the probability weighted EDF:
Following Bliss and Panigirtzoglou (2004), Eq. (A.4) can be manipulated so that the timepreference constant Λ of the pricing kernel vanishes, producing Eq. (A.5), which directly relates the probability weighted EDF, the RND, and the marginal utility, U (S T ):
Generic subjective density function (A.5) where
dx normalizes the resulting subjective density function to integrate to one. Once the utility function is estimated, Eq. (A.5) allows us to convert RND into the probability weighted EDF. As the CPT marginal utility function is U (S T ) = υ (S T ), and, thus, υ (S T ) = αS α−1 T for S T >= 0, and υ (S T ) = −λβ(−S T ) β−1 for S T < 0, we obtain Eq. (A.6) and (A.7):
αx α−1 dx f or S T ≥ 0, and (A.6)
Partial CPT density function f or S T < 0, and (A.7)
Eqs. (A.6) and (A.7) relate the EDF where probabilities are weighted according to the CPT probability distortion functions, on the LHS, to the subjective density function derived from the CPT value function, on the RHS, separately for gains and losses, what we call the partial CPT density function (PCPT). As the function w(F P (S T )) is strictly increasing over the domain [0, 1] , there is a one-to-one relationship between w(F P (S T )) and a unique inverse w −1 (F P (S T )).
. This outcome allows us to directly relate the original EDF to the CPT subjective density function, by "undoing" the effect of the CPT probability distortion functions within the PCPT density function:
Thus, once the relation between the probability weighting function of EDF and the PCPT density is established, as in Eqs. (A.6) and (A.7), one can eliminate the weighting scheme affecting returns by applying the inverse of such weightings to the subjective density function without endangering such equalities, as in Eq. (A.8) .
Once the RND is converted into the subjective density function, we must also estimate daily empirical density functions (EDF). We built such time-varying EDFs from an invariant component, the standardized innovation density, and a time-varying part, the conditional variance (σ (ln(S t /S t−1 )/σ t|t−1 ) produced by the EGARCH model. From the set of standardized innovations produced, we can then estimate a density shape, i.e., the standardized innovation density. The advantage of such a density shape versus a parametric one is that it may include the typically observed, fat tails and negative skewness, which are not incorporated in simple parametric models, e.g., the normal. This density shape is invariant and it is turned time-varying by multiplication of each standardized innovation by the EGARCH conditional standard deviation at time t, which is specified as follows:
and
where α captures the sensitivity of conditional variance to lagged squared innovations ( 2 t−1 ), β captures the sensitivity of conditional variance to the conditional variance (σ 2 t−1|t−2 ), and ϑ allows for the asymmetric impact of lagged returns (ϑM ax[0,
2 ). The model is estimated using maximum log-likelihood where innovations are assumed to be normally distributed.
Up to now, we produced a one-day horizon EDF for every day in our sample but we still lack time-varying EDFs for the three-, six-, and twelve-month horizons. Thus, we use bootstrapping to draw 1,000 paths towards these desired horizons by randomly selecting single innovations ( t+1 ) from the one-day horizon EDFs available for each day in our sample. We note that once the first return is drawn, the conditional variance is updated (σ 2 t−1|t−2 ) affecting the subsequent innovation drawings of a path. This sequential exercise continues through time until the desired horizon is reached. To account for drift in the simulated paths, we add the daily drift estimated from the long-term EDF to drawn innovations, thus the one-period simulated returns is t+1 +µ. The density functions produced by the collection of returns implied by the terminal values of every path and their starting points are our three-, six-, and twelve-month EDFs. These simulated paths contain, respectively, 63, 126, and 252 daily returns. We note that by drawing returns from stylized distributions with fat-tails and excess skewness, our EDFs for the three relevant horizons also imbed such features. This estimation method for time-varying EDF is based on Rosenberg and Engle (2002) .
Finally, once these three time-varying EDFs are estimated for all days in our sample, we estimate δ and γ for each of these days using Eq. (A.1.10) and (A.1.11). 11) where, EDF b prob and CP T b prob are, respectively, the probability within bin b in the empirical and
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CPT density functions and W b are weights given by
2 dx = 1, the reciprocal of the normalized normal probability distribution (above its median), split in the same total number of bins (B) used for the EDF and CPT. δ and γ are constrained to by an upper bound 1.75 and lower bounds -0.25. Weights applied in these optimizations are due to the higher importance of matching probability tails in our analysis than the body of the distributions.
A.2 Weighted average single stock IV and implied correlation approximations
Starting from the portfolio variance formula, Eq. A.12a, we derive in the following the weighted average single stock IV, Eq. (A.12k), and the implied correlation approximation, Eq. (A.12i), as given in Eq. (14) in the main text:
where, .12b) and where σ 2 I is the equity index option implied variance and i and j are indexes for the constituents of such equity index, then:
i is relatively small, we can simplify A.12h into A.12i, the implied correlation:
To obtain the weighted average single stock implied volatility (Eq. A.12k, we then square root both sides of the approximation and re-arrange its terms:
A.3 Conditional co-crash probabilities
We use a bivariate Extreme Value Theory (EVT) method to calculate commonality on historical tail returns for the strategies highlighted in section 4.2. EVT is well suited to measure contagion risk because it does not assume any specific return distribution. Our approach estimates how likely it is that one stock will experience a crash beyond a specific extreme negative return threshold conditional on another stock crash beyond an equally probable threshold. We refer to Hartmann et al. (2004) who use the conditional co-crash (CCC) probability estimator, which is applied to each pair of stocks in our sample, as follows: A.13) where the function I is the crash indicator function, in which I = 1 in case of a crash, and I = 0 otherwise, V it and V jt are returns for stocks i and j at time t; x i,N −k , and x j,N −k are extreme crash thresholds. The estimation of the CCC-probabilities requires setting k as the number of observations used in Eq. (A.13). This table reports the summary statistics of the estimated CPT parameters gamma (γ) from the single stock options market and delta (δ) from the index option market for each day in our sample as well as optimizations residual sum of squares (RSS). The parameters γ and δ define the curvature of the weighting function for gains and losses, respectively, which leads the probability distortion functions to have inverse S-shapes. The γ and δ parameters close to unity lead to weighting functions that are close to unweighted (neutral) probabilities, whereas parameters close to zero indicates large overweight of small probabilities. Panel A reports the summary statistics of gamma (γ) when we assume a parameter of risk aversion (λ) equal to 2.25 (the CPT parametrization). Panel B reports the summary statistics of delta (δ) under the same risk aversion assumption. Column headings % γ < 1 and % δ < 1 report the percentage of observations in which parameters γ and δ are smaller than one, i.e., the proportion of the sample in which overweight of small probabilities is observed. We report this metric for the full sample as well as for three equal-sized splits of our full samples, namely: 98-03, from 1998-01-05 to 2003-01-30; 03-08, from 2003-01-31 to 2008-02-21 and; 08-13, from 2008-02-22 to 2013-03-19 . (2), in a univariate setting, in which Delta minus Gamma spread is regressed on the same set of explanatory variables. We report Newey-West adjusted standard errors in brackets. Asterisks ***, **, and * indicate significance at the one, five, and ten percent level, respectively. (4), (5), (6) and (7) in an univariate setting. The dependent variable for these regressions is the Delta minus Gamma spread (δ -γ), a proxy for overweight of small probabilities. As explanatory variables we specify the risk-neutral skewness and kurtosis, IV 110-ATM skew (from single stock options), IV 90-ATM skew (from index options) and our IV-sentiment measure in two permutations per maturity: 1) IV-sentiment 90-110, and 2) IV-sentiment 80-120. Our IV-sentiment measure is an IV skew measure that combines information from the index option market and the single stock option market, see Eq. (3).
For instance, the IV-sentiment 90-110 measure combines the IV from the 90 percent moneyness level from the index option market and the 110 percent moneyness level from the single stock option market. Panel B reports the regression results for Eq. (8) in a multivariate setting, in which Delta minus Gamma spread is regressed on the same set of explanatory variables. We report Newey-West adjusted standard errors in brackets. Asterisks ***, **, and * indicate significance at the one, five, and ten percent level, respectively. Table 5 : IV-sentiment based pair-trade strategy
Panel A reports the results of contrarian pair-trade strategies based on our IV-sentiment 90-110 indicator, other IV-based strategies such as the IV Skew, the volatility-risk premia (V RP ), and other traditional and alternative beta strategies, i.e., buy hold the S&P500, put writing, 90-110 collar, G10 FX carry, cross-sectional equity momentum, and time-series momentum. The IV-based strategies use 252 days as the look-back period and +/-two standard deviations as convergence thresholds. The columns (11) and (12) of Panel A report statistics for strategies that combine the three-month IV-sentiment 90-110 strategy (column (1)) with the buy hold the S&P500 (column (5)) and the time-series momentum strategy (column (10)). Panel B reports the correlation coefficients of daily returns estimated over the period between January 2, 1998 and December 4, 2015, for the same strategies reported in Panel A. Panel C reports the co-skewness and the conditional co-crash (CCC) probabilities of the three-month IV-sentiment 90-110 with the other strategies, which indicate the degree of tail-dependence among them.
Panel A Back-test results -2.9E-13 1.0E-11 4.6E-12 -6.5E-10 -3.3E-09 9.6E-10 -9.8E-10 Rapach et al. (2010) . Panel B reports the results for the latest period within the entire out-of-sample history (2004:1-2014:12) and includes the three-month IV-sentiment 90-110 factor (IVSent) in addition to the variables tested by Rapach et al. (2010) . Individual predictive regression model forecast
Combination forecasts
Predictor R 2 OS (%) Predictor
Combining method strategies tested, when different look-back periods and outer-threshold are used per factor-specific strategy. Boxplot A depicts the distribution of IRs when the IV factor used is obtained from three-month options. Panels B and C depict the same information while using the IV factors obtained from six-and twelve-month options, respectively.
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A)Three-month options B) Six-month options C)Twelve-month options Figure 3 : Information ratio, skewness and horizon for monthly IV-based strategies. The boxplots above depict the distribution of information ratios (IRs), return skewness, and trade horizon (average drawdown) obtained by the IV-sentiment strategies tested, as well as the Baker and Wurgler (2007) factor when different look-back periods and outer-threshold are used per strategy. Boxplot A depicts the distribution of these statistics when the IV factor used is obtained from three-month options. Panel B and C depicts the same information but, respectively, when the IV factors used are obtained from six-and twelve-month options. Boxplots of IR, return skewness and trade horizon for the Baker and Wurgler (2007) factor are the same across option horizons but are shown for comparison with the IV-sentiment strategies. Forecast aggregation in both models is done by calculating the mean of the t + 1 forecast from each individual predictive regression.
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